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Abstract

A key challenge in lifelong reinforcement learning (RL) is the loss of plasticity,
where previous learning progress hinders an agent’s adaptation to new tasks. While
regularization and resetting can help, they require precise hyperparameter selection
at the outset and environment-dependent adjustments. Building on the principled
theory of online convex optimization, we present a parameter-free optimizer for
lifelong RL, called TRAC, which requires no tuning or prior knowledge about the
distribution shifts. Experiments on Procgen and Gym Control environments show
that TRAC works surprisingly well—mitigating loss of plasticity and rapidly adapting
to challenging distribution shifts—despite the underlying optimization problem being
nonconvex and nonstationary. The code to install TRAC and run experiments can
be found here.

1 Introduction

Spot, the agile robot dog, has been learning to walk confidently across soft, lush grass. But when
Spot moves to a rocky gravel surface, she stumbles. When Spot tries to walk across a sandy beach or
on ice, the challenges multiply. Spot wants to adapt quickly to these new terrains, but she never
knows when the terrain will change and how different it will be.

Spot’s struggle exemplifies a real-world decision making challenge, known as lifelong reinforcement
learning (lifelong RL), where an agent must continually learn to handle the nonstationarity of the
environment. At first glance, there appears to be an obvious solution: given a policy gradient oracle,
the agent could just keep running gradient descent nonstop. However, recent experiments have
demonstrated an intriguing behavior called loss of plasticity (Dohare et al., 2021; Lyle et al., 2022;
Abbas et al., 2023; Sokar et al., 2023; Nikishin et al., 2022; Ahn et al., 2024): despite persistent
gradient steps, an agent can gradually lose its responsiveness to incoming observations.

From the optimization perspective, loss of plasticity might be attributed to the lack of stability
under gradient descent. That is, the weights of the agent’s parameterized policy can drift far away
from the origin (or a good initialization), leading to a variety of undesirable behaviors.®? Adding
an Lo regularizer to the optimization objective (Kumar et al., 2023) or periodically resetting the
weights (Dohare et al., 2021; Asadi et al., 2023; Sokar et al., 2023; Ahn et al., 2024) can mitigate the
problem. However, these methods rely on hyperparameters like regularizer magnitude and resetting
frequency, which must be tuned for each environment—a challenging task incompatible with lifelong
RL’s one-shot nature. This challenge motivates our contributions.

ISuch as the inactivation of many neurons, due to dead ReLU activations (Abbas et al., 2023; Sokar et al., 2023).


https://computationalrobotics.seas.harvard.edu/TRAC/
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Contribution

e Algorithm: Building on a series of results in OCO (Cutkosky & Orabona, 2018; Cutkosky,
2019; Cutkosky et al., 2023; Zhang et al., 2024), we propose a (hyper)-parameter-free optimizer for
lifelong RL, called TRAC (AdapTive RegularizAtion in Continual environments). Intuitively, the
idea is a refinement of regularization: instead of manually selecting the magnitude of regularization
beforehand, TRAC chooses that in an online manner without any hyperparameter tuning.

o Experiment Using an instantiation of TRAC with Prozimal Policy Optimization (PPO) called
TrAC PPO, we evaluate on lifelong settings of Procgen and Gym Control. In settings where
existing approaches (Abbas et al., 2023; Kumar et al., 2023) struggle, we find that TRAC PPO
mitigates loss of plasticity and rapidly adapts when new distribution shifts are introduced. Such
findings might be surprising: the theoretical advantage of TRAC is motivated by the convexity in
OCO, but lifelong RL is both nonconvex and nonstationary in terms of optimization.

2 Lifelong RL

As a sequential decision making framework, reinforcement learning is commonly framed as a Markov
Decision Process (MDP) defined by the state space S, the action space A, the transition dynamics
P(sty1]8t,at), and the reward function R(st, at, St+1)- In the ¢-th round, starting from a state st € S,
the learning agent needs to choose an action at € A without knowing P and R. Then, the environment
samples a new state sty1 ~ P(¢|st, at), and the agent receives a reward ri = R(st, ax, §, From a
practical perspective, we measure the agent’s performance by its cumulative reward  ;_; r¢. This
standard setting concerns a stationary MDP. The present work studies a nonstationary variant called
lifelong RL, where the transition dynamics P; and the reward function Ry can vary over time. We
implicitly assume P; and Ry to be piecewise constant over time, and each piece is called a task.

Lifelong RL as online optimization Modern RL methods, like PPO (Schulman et al., 2017),
utilize policy parameterization with a weight vector 6y € RY. After sampling a¢ and receiving new
observations, the agent defines a loss function Ji(0) to evaluate each weight 6. The policy gradient
gt = VJi(6¢) is then computed, and a first order optimization algorithm OPT updates the weight:
Otr1 = OPT (0, gt). We treat the environment’s feedback as a policy gradient oracle G, mapping
time ¢ and weight 6¢ to a policy gradient gr = G(t,6¢). Our goal is to design an optimizer OPT
suited for lifelong RL.

3 Method

Inspired by (Cutkosky et al., 2023), we study lifelong RL by exploiting its connection to Online
Convex Optimization (OCO; Zinkevich, 2003). OCO is a key problem in online learning, with
significant efforts to design parameter-free algorithms requiring minimal tuning (Orabona & P4l,
2016; Foster et al., 2017; Cutkosky & Orabona, 2018; Jacobsen & Cutkosky, 2022). The surprising
observation of Cutkosky et al. (2023) is that several algorithmic ideas closely tied to the convexity of
OCO can actually improve nonconvex deep learning training, suggesting certain notions of “near
convexity” on its loss landscape. We find that lifelong RL (which is both nonconvex and nonstationary
in terms of optimization) exhibits a similar behavior.

Basics of (parameter-free) OCO OCO concerns a sequential optimization problem where
the convex loss function [y can vary arbitrarily over time. In the ¢-th iteration, the optimization
algorithm picks an iterate x¢ and then observes a gradient g¢ = Vi¢(x¢). Motivated by the pursuit of
“convergence” in optimization, the standard objective is to guarantee low (i.e., sublinear in T) static
regret, defined as

Regretr (1.1, u) := le(ze) — (),
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where T is the total number of rounds, and u is a comparator that the algorithm does not know
beforehand. In other words, the goal is to makeRegret; (I1.1; u) small for all possible loss sequence
l;.7 and comparator u.

Parameter-free algorithms bound Regret; (I1.7;u) directly (without taking the maximum) by a
function of both I;.+ and u. With this re ned bound, there is no need to pick an uncertainty set U,
and much less hyperparameter tuning is needed (Orabona, 2023, Chapter 9).

TRAC for lifelong RL Now back to lifelong RL. As we discussed, a fundamental challenge here
is the excessive drifting of the weights ¢, and this can be xed by enforcing the proximity to a good
reference point ;. Di erent from existing approaches like L, regularization and resetting, parameter-
free OCO provides a principled solution to this problem without hyperparameter-tuning. Naming
this algorithm as Trac , we present its generic template as Algorithm 1, which calls Algorithm 2 (a
one-dimensional scale tuner) as the key subroutine.

From the technical perspective, Trac assembles three techniques in parameter-free OCO: the
direction-magnitude decompositionfrom (Cutkosky & Orabona, 2018), the additive aggregationfrom
(Cutkosky, 2019), and the er potential function from (Zhang et al., 2024).

Algorithm 1 Trac : Parameter-free Adaption for Continual Environments.
1: Input: A policy gradient oracle G, a rst order optimization algorithm Base; a reference point

et 2 RY: n discount factors 1;:::; , 2 (0;1] (default: 0:9;0:99;:::;0:999999.
2: Initialize:  Create n copies of Algorithm 2, denoted asA1;:::;A,. For eachj 2 [1:n], Aj uses
the discount factor ;. Initialize the algorithm Base at (. Let 1= .
3. fort=1;2;:::do
4:  Obtain the t-th policy gradient g = G(t; {) 2 RY.
5. Sendg to Base as its t-th input, and get its output B3 2 RY,
6: Forallj2[1l:n], sendhg; ¢  refi 19 Aj as its t-th input, and get its output si+1; 2 R.
7. De ne the scaling parameter S;4+1 = j":l St+1jj -
8: Update the weight of the policy,
t+1 = ref T :3+alse ref St -
9: end for

Algorithm 2 1D Discounted Tuner of Trac .

1. Input:  Discount factor 2 (0; 1]; small value" > 0 (default: 10 8).

2: Initialize:  The running variance vg = 0; the running (negative) sum o =0.
3. fort=1;2;:::do

4. Obtain the t-th input h;.

5

6

Letvy= 2% ;+h? and = 1 h.
Select thet-th output
n o t

p—er — ;
er (1 = 2) v+

St+1 =

where er is the imaginary error function queried from standard software packages.
7: end for

Without going deep into the theory, here is an overview of the important ideas.

First, Trac is a meta-algorithm that operates on top of a default optimizer Base. It can simply be
gradient descent with a constant learning rate, orAdam (Kingma & Ba, 2014) as in our experiments.
Applying Base alone would be equivalent to enforcing the scaling paramete;,;  1in Trac , but
this would su er from the drifting of 225 (and thus, the weight ;). To x this issue, Trac uses
the tuner (Algorithm 2) to select the scaling parameter S;.; , making it data-dependent Typically
Si+1 is within [0; 1] (see Figure 10 to 12), therefore essentially, we de ne the updated weight;+; as






